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Finding an Anomaly in the Presence of a Known Signal
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Use Information from Simulated Data!

‼



ML4Jets 2026 | HAXAD | Dennis Noll | Sept 17th, 2026

HAXAD in a Nutshell
Find Anomalies of Higgs + X via ML-based Weakly Supervised Anomaly Detection

4
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Simulated Dataset
• Generated with Madgraph + Pythia + Delphes using EventGen Repository 
• Model approximated Run2 + Run3 luminosity 470 fb-1 (~ 2.1M events post pre-selection)

5

• 12 signal models including: Extended 
Higgs sector, MSSM, FCNC, … 

• Various mass points for each signal

• Non-resonant: 𝛾𝛾 + jets/leps/tt 

• Resonant: Higgs (ggH, VBF, VH, ttH)

 Signals:  Backgrounds: 

<latexit sha1_base64="/TVcShlEEYjDT8K5byXjT7GnsxU="></latexit>
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γ Many signatures 
with a Higgs in the 
final state…

https://github.com/hep-lbdl/EventGen
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Everything is easier in the right Latent Space
6

• High-dimensional ~O(100) 
• Unregularized, missing values 
• Exhaustive

p jet1
T

p jet2
T

…

 Feature Space 

2603.25794

https://arxiv.org/abs/2603.25794
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• High-dimensional ~O(100) 
• Unregularized, missing values 
• Exhaustive

p jet1
T

p jet2
T

…

 Feature Space 

2603.25794

• Low-dimensional ~O(10) 
• Regularized (e.g. Gaussian) 
• Signal sensitive

latent1

latent2

 Latent Space 

Embedding 
Model 

(2 options)

https://arxiv.org/abs/2603.25794
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Semi-Supervised Embedding: Contrastive Learning 1
• Using contrastive loss (SupCon) to embed events: 

• Same process close together 
• Different process far apart 

• Ensure processes have Gaussian shape (easy to model with background estimation)

7
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Semi-Supervised Embedding: Contrastive Learning 2
8

In-dataset InterpolationBackground-only

• Training with signal samples forms the latent space 
• Inter-/extrapolates to unseen signals
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Unsupervised Embedding: Variational Autoencoder
• Variational Autoencoder (40k params.) with 19 input features ( ) and 7 latent features ( ) 
• Trained with simulated background events (non-resonant and resonant) 
• Completely signal-agnostic and still sensitive to many signals

x z

9
Higgs and X Anomaly Detection (HAXAD) | Pre-Kickoff Talk | July 22nd 2026

Latent Space Embedding (Two different models)
9

● Contrastive learning between processes
● Promote gaussian embedding space
● Trained with exemplary signals and 

shown to extrapolate to unseen signals

● Variational Autoencoder (VAE)
● Smaller & Completely signal-agnostic
● Still sensitive to many signals

UnsupervisedSemi-supervised [2603.25794]

ϵ ∼ 𝒩(0,I )
μ

σ

z

x ̂x

128 128 128 128
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Background Estimation
10
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 Non-resonant 
• Signal rare in the sidebands (SB) 
• Train normalizing flow models in 

latent space SB and interpolate to 
signal region (SR)

Normalizing 
Flow
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 Non-resonant 
• Signal rare in the sidebands (SB) 
• Train normalizing flow models in 

latent space SB and interpolate to 
signal region (SR)

• High-quality Higgs simulation 
available 

• Directly use simulated SM Higgs 
events encoded in latent space

Resonant 

SimulationNormalizing 
Flow
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Successful Background Estimation in Both Latent Spaces
11

Semi-supervised (100→6) 
[Stronger discrimination]

…



ML4Jets 2026 | HAXAD | Dennis Noll | Sept 17th, 2026

Successful Background Estimation in Both Latent Spaces
11

Semi-supervised (100→6) 
[Stronger discrimination]

…

Unsupervised (19→7) 
[can be more general]

…
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Train Classification for an Arbitrary Anomaly
• Classification without Labels (CWoLa) via Boosted Decision Tree Ensembles 
• Ensemble of multiple BDTs per spectrum (sensitivity), ensemble of multiple spectra (stability) 
• Keep 0.5% of the events

12

Recorded Estimated

R ER E

Train Train
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Inference
13
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Inference
• Cut makes anomaly visible and highly significant

13
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• Cut makes anomaly visible and highly significant
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• Use CLs method to extract model-independent 
• Use signal calibration to extract model-dependent limits

Figure 2. Illustration of the signal-injection limit-setting procedure with a pseudo-data scan that
does not correspond to any specific signal model. The number of injected signal events passing the
selection, in arbitrary units, is shown as a function of the injected cross section, together with the
model-independent upper limit on N and its expected bands. The model-dependent cross section
limit is given by the crossing of the injection curve with the observed limit (dash-dotted line).

4 Results

This section presents the performance of the HAXAD analysis in two categories. First,

the sensitivity of the weakly supervised classifiers is quantified in section 4.1. Second,

projected upper limits on the signal cross sections are derived in section 4.2. The results

from the two embedding models are compared with each other, to the initial version of

the HAXAD strategy (v1) [19], and to a collection of cut-based selections. The latter is

inspired by Ref. [20] and includes requirements on the jet multiplicity (→ 6j, → 8j), the

b-jet multiplicity (→ 2b, → 3b), the lepton multiplicity (→ 1l, = 2l), Emiss
T (> 100, > 200,

> 300GeV), and HT (> 1000, > 1500GeV), as well as cuts on the presence of a lepton

and a b-jet (lb), and the presence of a hadronically decaying top-quark candidate (tophad).

4.1 Signal Sensitivity

This section presents the sensitivity of the trained classifiers using the exemplary bench-

mark models introduced in section 2. Sensitivity to a given signal model is quantified

by the Significance Improvement Characteristic (SIC), defined as the ratio of the signifi-

cance after the classifier selection to the inclusive significance before the classifier selection,

SIC = (Ssel/
↑
Bsel)/(S/

↑
B), where S (B) denotes the number of signal (background)

events in the SR.

Figure 3 compares the SIC of four approaches: the classifiers based on the semi-

supervised, unsupervised, and HAXAD v1 encoders, and the best cut of the cut-based

evaluations. The comparison is performed at classifier working points that keep ωB =

– 14 –
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Model-independent Limits
• Model-independent limits are the main result of an anomaly detection analysis 

• Without signal, the limits are only driven by efficiency (0.5%) 

• With signal (exemplary process), HAXAD performs better (>5σ) than representative cut-based analysis

14
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* HAXAD has reduced look-
elsewhere-effect
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Results
• Benchmarking analysis strategy on many signals 
• Broad sensitivity and often on-par or better than representative cut-based analysis

15

*Also HAXAD has reduced 
look-elsewhere-effect
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• Anomaly Detection can provide generic and broad sensitivity 
• Now it can also find anomalies in the presence of known signals 
• Technique: 

• Latent space Embedding (2 strategies) 
• Background estimation (ML & Simulation) 
• CWoLa Classification 

• What’s next: Apply to real data!

Summary
16
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Backup
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Pipeline
18

1.Latent Embedding: 
• Physics features (feat) 
• Variational AutoEncoder

2.Background est.: 
• yyjets: Normalizing flow 
• SM Higgs: Simulation

3.Signal Classification: 
• CWOLA Approach 
• Bkg. est. vs data

4.Inference 
• Exponential fit in SB 
• Measure σ in SR
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SupCon Loss

• N indices in a batch I with indices i and physics process labels yi 
• zi = latent vector from the encoder output 
• Zi = corresponding projection-head output 

• All neighbors:  

• All neighbors with the same physics process label:  

• Two terms: 
• Contrastive Loss (SupCon) 
• Kullback-Leibler (Gaussian)

A(i) ≡ I∖{i}
P(i) ≡ {p ∈ A(i) : yp = yi}

19

3

TABLE I. Signal and background processes used in this study. Mass parameters are given in GeV. RPV and RPC denote
R-parity violating and R-parity conserving scenarios, respectively. The chargino-neutralino model features prompt decays
ω̃
±
1 → W

±
ω̃
0
1 and ω̃

0
2 → Hω̃

0
1. In the extended Higgs sector model, a heavy scalar X is produced via ggF and decays as

X → S(εε)H, where S is a lighter BSM scalar.

Process Label Group ID Reference

SM non-resonant backgrounds ϑϑ + jjj/εε/tt̄ 0 —

SM Higgs production

ggF 1 —
VBF 2 —
VH 3 —
ttH 4 —

SUSY chargino-neutralino
(ω±

1 ω
0
2)m

m ↑ {150, 200, 300, 600} -1 [31]

Extended Higgs sector X → S(εε)H -2 [32]

SUSY RPV stop
(t̃ t̃)m (RPV)

m ↑ {150, 300, 450} -3 [33]

SUSY RPV neutralino
(ω±

1 ω
0
1)m (RPV)

m ↑ {200, 400, 600} -4 [33]

SUSY RPC sbottom
(b̃ b̃)m

m ↑ {500, 1000, 1200} -5 [34]

Heavy neutral resonance
Ym → Hϑ

m ↑ {200, 300, 400, 500} -6 [35]

FCNC
tH (FCNC)

-7 [36]
tt̄ (FCNC)

SUSY RPC stop t̃ t̃ -8 [37]

Kinematic inputs are normalized before being fed into
the model. Specifically, transverse momenta and masses
are transformed to a logarithmic scale, and each feature
is then standardized by subtracting its mean and divid-
ing by its standard deviation. Normalization statistics
for object-level features are computed over all objects
(11→N), while event-level features are normalized indi-
vidually (1 → N). This ensures that each feature type
is normalized according to its relevant context and with
respect to missing objects.

By construction, the photon four-momenta are ex-
cluded from the transformer input, so the learned latent
space will not be directly correlated with mωω . This
decorrelation simplifies the density estimation and in-
terpolation task in the CATHODE step and suppresses
background sculpting that could arise from imperfect
modeling ofmωω-dependent features [13]. The trade-o! is
a potential loss of sensitivity, since these features cannot
be used by the encoder. Dedicated decorrelation tech-
niques could be employed to retain more of the photon
information while enforcing independence ofmωω and the
latent space.

The output block of the encoder is inspired by the Vari-
ational Autoencoder (VAE) [41]: it predicts a mean and
variance from which the latent vector is sampled via the
reparameterization trick, encouraging a Gaussian latent
space that is well suited for downstream density estima-
tion and interpolation. Similar approaches are used in

Refs. [22, 42]. During training, a two-layer MLP projec-
tion head is applied after the output block; it is discarded
at inference time. This practice has been shown to im-
prove the quality of the learned embedding [21, 43].
The encoder is trained with a loss function that

combines supervised contrastive learning with Kullback-
Leibler divergence (KL) regularization. Given N events
in a batch I with indices i and physics-process labels yi,
let zi denote the latent vector from the encoder output
block and Zi the corresponding projection-head output.
Define A(i) ↑ I \ {i} and P (i) ↑ { p ↓ A(i) : yp = yi }
which is the set of all other events in the batch sharing
the same label. Unlike Ref. [38], which augments each
event to create multiple views, we use each event only
once and do not perform augmentations, as the training
dataset is su”ciently large. The total loss is

L = Lcon + ωKL(z ↔N (0, 1)) with

Lcon =
∑

i→I

↗1

|P (i)|
∑

p→P (i)

log
exp(Zi · Zp/ε)∑

a→A(i) exp(Zi · Za/ε)
(1)

The first term (Lcon) is the supervised contrastive loss of
Ref. [38], which pulls events with the same label closer
together in the latent space while pushing events with
di!erent labels apart. The loss temperature ε is a hy-
perparameter which controls the regularization strength
of the contrastive loss. The second term is the KL di-
vergence between the distribution of the latent vector
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Latent Space Embedding (VAE)
• Latent space embedding: 

• Train a Variational Autoencoder (VAE) in SB region (background only) 
• Take the encoder part to encode all data into latent space 
• Generate (CATHODE) and classify data directly in the latent space

20
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Why BDTs? (2309.13111)
21

5

FIG. 2. The impact of uninformative features on the NN and BDT classifiers. We show the SIC curves of the IAD NN/BDT
classifiers employing the four baseline features and additional 1, 2, 5, 10, 30 and 50 input features drawn from Gaussian noise
(left/right panel). For 30 and 50 Gaussian noise features, BDT classifiers with N = 100 are used instead of the usual N = 50
ensembling.

FIG. 3. The impact of physics features on the NN and BDT classifiers. We show the SIC curves of the IAD NN with the four
baseline features and the extended feature sets based on subjettiness variables as introduced in Tab. I (left panel), and the
corresponding results for the IAD BDT (right panel).

classifier for a given signal region size. Therefore, it is
important to investigate the potential sensitivity of the
classifiers for a range of signal fractions and signal region
sizes.

Figure 4 shows the maximum SIC value as a function
of the number of signal events in the SR for the default
fixed number of 120k background events. Achieving sig-
nificance improvement for rarer signals will translate into
analysis sensitivity for lower cross-sections. For the base-
line set of features, the BDT plateaus at a SIC of 15,
which is reached with a minimum of approximately 500
signal events, corresponding to S/B = 4 → 10→3. The
same SIC value can be reached with the extended feature
set 3 with less than half the number of events, reaching
a plateau SIC value of about 40.

Figure 5 shows the maximum improvement in signif-

icance for the IAD BDT as a function of the number
of signal and background events in the signal region.
In contrast to the previous results, for which the back-
ground template is larger than the signal region (see Sec-
tion IIIA) in accordance with the studies in Ref. [9], in
Fig. 5 the size of the background template is equal to
the number of background events Nbkg in the SR such
that a larger range of Nbkg may be scanned with the
existing data. The top panel shows the results for the
baseline setup, and the bottom panel shows the results
for the inclusive set of all subjettiness features (extended
set 3). In both panels it can be seen that the maximum
significance improvement for a given signal significance
S/

↑
B is largely independent of the absolute number of

background events. Hence, for larger datasets, the same
significance improvement is achieved with a smaller ab-
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Contrastive Embedding Inter- and Extrapolation
22(a) In Dataset (b) Interpolation

Figure 9. Limit-setting scan for ω̃
±
1,400(Hε

±) ω̃0
1,400(W ε/Zϑ). The number of injected signal

events passing the selection is shown as a function of the injected cross section, together with
the model-independent upper limit on the number of signal events N ; the vertical dash-dotted
line marks the resulting model-dependent cross section limit. Figure 9a shows the results with
ω̃
±
1,400(Hε

±) ω̃0
1,400(W ε/Zϑ) included in the training dataset of the contrastive encoder. Figure 9b

shows the results with the ω̃
±
1,400(Hε

±) ω̃0
1,400(W ε/Zϑ) mass point held out from the training.

(a) In Dataset (b) Extrapolation

Figure 10. Limit-setting scan for V
→±
2000 → HX300(qq̄), presented as in fig. 9. Figure 10a shows

the results with V
→±
2000 → HX300(qq̄) included in the training dataset of the contrastive encoder.

Figure 10b shows the results with all V →± → HX(qq̄) models held out from the training.

– 27 –
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– 27 –

Interpolation: Extrapolation:


